ABSTRACT
Introduction

1
Health is worth investing in since it yields utility: it extends life and therefore the horizon over which gains from productivity can be used for consumption and provides consumption of healthy days that can be enjoyed through leisure (as opposed to sick days which do not yield utility). At a given point of the individual's life-cycle, the health stock is the result of investments and shocks from the individual's past, implying that as one progresses over the life-cycle, health is more and more predetermined by the complete past of the individual.
The relation between health and wealth can be explained in this framework. Health and expectations about future health can affect productivity and hourly wages as well as labor supply at the intensive and the extensive margin. It therefore drives the capacity to accumulate savings for retirement, and affects the retirement decision both in this way and through the direct effect of health on the marginal rate of substitution between leisure and work. Moreover, health affects expenditures directly, particularly in the United States where about 20% of workers below 65 are not covered by health insurance (Gruber, 1998) , and where even those who are covered will often face copayments or additional expenditures such as prescription drugs not covered by Medicare. Consequently, health events can lead to considerable revisions of saving plans or other life-cycle decisions such as bequests (Smith, 2003) . Causal effects from health to wealth are also referred to as health causation.
2
Pathways from wealth or more generally from socioeconomic status to health have been studied extensively in other social sciences (Adler et al., 1994) and since recently also in economics (Adams et al., 2003; Adda, 2003; Hurd and Kapteyn, 2003; Meer et al., 2003; Smith, 2003) . This causal link is often named social causation which we will refer to as SES or wealth causation, the opposite of health causation. Theories explaining such a link have been put forward in various fields, such as biology, psychology, and economics. For example, one explanation is risk behaviors: the relation between behavior that is detrimental to health like smoking and drinking and socioeconomic status (Marmot, 1999) .
The effect of health on wealth may be related to access to health care. If not all people are fully covered by the same health insurance or if there are copayments or deductibles, those with low income or wealth will consume less health care services (in quantitative or qualitative terms) and thus invest less in their health. This cannot explain, however, why in the United Kingdom the wealth-health gradient has increased over a period in which general access to health care has increased, as shown by the two Whitehall studies. Moreover, it is hard to reconcile this explanation with the evidence provided by the RAND health experiment (Newhouse, 1993) , which, in an experiment with randomly assigned copayment rates, showed that those with lower copayment rates used on average more health care services but did not experience significantly different health outcomes. The variation in quality of care and treatments that one can obtain in different socioeconomic groups may be even more important to this issue than access to health care services per se. Indeed, the Grossman health production model implies that the marginal benefits of investment in health care can rise with education level (an indicator of socioeconomic status), explaining why the demand for health care quality increases with SES. Still, Kenkel (1991) finds that only part of the relationship between schooling and health is explained by real differences in health knowledge.
Another potential causal effect of wealth on health through wealth inequalities comes from the stress associated with being at the bottom of the distribution (Wilkinson, 1996) . In the Whitehall study, Marmot (1999) shows that there is some evidence that civil servants in higher ranks have lower level of cholesterol than those in lower ranks, suggesting that a low wealth position may create additional stress. The observation that wealth inequalities have risen but that the average health level may have fallen (as found by Deaton and Paxson, 1998) would be in line with this effect, as is Wilkinson's (1996) finding that countries with higher wealth inequality tend to have higher mortality rates. A way to think of the effect of stress is to consider the adaptation of the health system to a series of stressful events. The immune system may adapt by functioning at a more intensive level, which may in the long run be detrimental to blood pressure and the health system. Episodes of stress such as the loss of a job may then in the long run lead to higher incidence of cardiovascular disease or high blood pressure. Since the frequency of stressful events differs across SES groups, allostatic loads, a measure of the cumulative effect of stressful events on the health system (see, e.g., Seeman et al., 1997), will be different across SES groups .
A final set of explanations of the health-wealth gradient refers to early childhood. Small health events at the beginning of life may affect an individual's complete health trajectory over the life-cycle (Barker, 1997) . Following a sample of the March-1946 birth cohort in the UK over nearly 50 years, Wadsworth and Kuh (1997) found that early childhood events such as poor living conditions were significant predictors of many diseases later in life. Moreover, they showed that children of age two from this 1946 cohort had a higher risk of developing bronchitis if their parents had a similar childhood condition or smoked as adults, implying that health is partly transmitted from the previous generation. Lindeboom et al. (2003) found that macroeconomic conditions at birth affected mortality hazards of cohorts throughout the 19th and 20th century, highlighting the importance (the "reach" in terms of Smith, 1999) of early childhood environment. Ravelli et al. (1998) showed that children born during the 1944-45 famine in Amsterdam were more likely to develop diabetes later in life. These examples show that health is partly determined by health of the parents or health in early childhood, which will be related to the parents' SES due to the causal links from SES to health discussed above. Since there is also a strong intergenerational effect of SES, this can explain part of the health-SES gradient later in life. In our analysis of people aged fifty and over, such effects arise as permanent health shifts throughout the observation window. We will model them as individual specific health effects reflecting unobserved heterogeneity. Similar persistent unobserved heterogeneity terms may drive household wealth, and the unobserved heterogeneity terms in household wealth and in health of both spouses can be correlated.
The goal of this paper is to disentangle the sources of the health-wealth gradient: causal effects from health to wealth (health causation), causal effects from wealth to health (wealth or SES causation), observed exogenous factors that affect health and wealth in the same way, and correlated unobserved factors (unobserved heterogeneity) driving health as well as wealth. Panel data with extensive information on wealth and health offer a non-experimental setting in which causality can be addressed using common time series concepts of non-causality and conditional independence (Granger, 1969; Sims, 1972) . If correlation between unobservables plays a role, these tests will only be valid if they control for such correlations (Chamberlain, 1984) .
Using Granger causality to study the health-wealth gradient was proposed by Adams et al. (2003) , who test for an effect of wealth on health in the AHEAD cohort of age 70 and older. They only have three waves, limiting the richness of the dynamic specifications they can use. Moreover, they do not control for unobserved heterogeneity. Their results indicate a clear health causation channel but they also find some evidence of wealth/SES causation. They point out that rejecting their hypothesis of no Granger causality could also be an indication of correlated unobserved heterogeneity in health and wealth. Adda (2003) uses Swedish panel data for individuals over the whole life-cycle and implements a test for health and SES causation. He concludes that both causation mechanisms are present. He does not discuss or control for unobserved heterogeneity.
On the other hand, Smith (2003) and Wu (2003) perform tests of health causation conditional on initial conditions. Since the initial values are correlated to the unobservable heterogeneity terms, this goes in the direction of controlling for unobservables. They estimate the impact of onsets of critical health conditions such as cancer or lung disease on changes in wealth and other SES indicators, conditioning on initial health status. Smith (2003) looks at changes between the first and the fifth wave of the HRS, while Wu (2003) looks at changes over the first two waves. Using onsets as exogenous health shocks that are not affected by wealth changes seems a plausible identification strategy. Smith (2003) estimates that the cumulative effect of the onset of a critical disease after eight years is about $40,000, while Wu (2003) concludes that household wealth responds more strongly to the onset of a serious condition for the wife than for the husband. Neither Smith (2003) nor Wu (2003) exploit the full panel nature of the HRS, implying that the dynamics of health and SES causation are not explored.
Using a similar strategy to test for causal wealth-health effects, Meer et al. (2003) use three 5-year spaced observations from the PSID, using bequests as instruments that directly affect wealth but not health. Their test looks at the effect of wealth changes on self-reported health and the dynamics of their model imply that wealth changes have a one shot effect on health after which health returns to a stationary value. They find small and insignificant wealth-health effects. Adams et al. (2003) reject the hypothesis that wealth changes do not cause health changes for three of the four main causes of death among older men, as well as for self-reported general health status and for mental health. The latter results for the U.S. are also found by Adda et al. (2003) for the U.K. and Sweden. Using roughly similar models as Adams et al. (2003) , Hurd and Kapteyn (2003) find that changes in health are more related to income in the U.S. than in the Netherlands. In all these three studies, a test of non-causality is performed without controlling for unobserved heterogeneity. As argued above, correlated unobserved heterogeneity may be important, because of genetic transmissions and early childhood effects and other persistent shocks on health as well as wealth. Not allowing for unobserved heterogeneity may bias the estimates and the test results, possibly explaining why the null of no causality is often rejected.
In this paper, we develop a dynamic vector autoregressive panel data framework that makes it possible to test for health and wealth causation, controlling for unobserved heterogeneity. Alonso-Borrego and Arellano (1999) emphasize that dynamic vector autoregressive panel data models offer a rich environment for performing such tests. We apply the framework to the HRS cohort of elderly households born between 1931 and 1941 who are observed over six biennial waves from 1992 to 2002. We consider health for each spouse but wealth at the household level, analyzing the interplay of health and wealth for elderly couples (as in Wu, 2003) . We use the instruments of Smith (2003) , Wu (2003) and Meer et al. (2003) to identify the structural links between health and wealth, conditioning on initial conditions. We perform the tests and explore their sensitivity to different sets of assumptions, particularly concerning the types of dynamic feedback allowed for and the specification of the initial conditions (Ahn and Schmidt, 1995; Blundell and Bond, 1998) . We also present some results where we separately look at mental and physical health, distinguish between couples that do and do not have access to health insurance, and look at liquid and non-liquid wealth.
The paper is organized as follows. In section 2 we document the association between wealth and health and the way it evolves over time for the HRS cohort. In section 3, the econometric framework is presented and the identification, testing and estimation strategies are discussed. Section 4 presents the results of the Adams et al. (2003) tests and Section 5 presents the results for the dynamic panel data models. Section 6 concludes. Some more detailled results can be found in appendices at the end of the paper. 6 
Wealth and Health in the HRS cohort
The Health and Retirement Study is a longitudinal survey of individuals aged 51-61 in 1992 in the United States. The project started in 1990 and was funded by the National Institute on Aging and other partners such as the Social Security Administration. Data were collected every two years and cover a wide range of aspects of the life of elderly singles and couples. For the first wave of 1992, 12,652 interviews were conducted for a random sample of individuals born 1931-1941. Spouses of these individuals were also included in the sample even if they were not eligible according to their age.
We use the public release file from the RAND corporation that merged records from the six available waves (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) ). Data is arranged by couples consisting of respondent and spouse. We select all couples present in 1992 with complete information on the relevant variables during their participation in the HRS. To avoid losing too many observations, we retain observations with missing information or bracket information on one or more components of wealth, using imputed values (see below).
We observe couples until one of the spouses dies, until the dissolution of the household because of divorce or separation, or until one member of the household is not interviewed. We do not analyze widows and widowers or divorced or separated spouses, since we focus on the interplay between wealth and the health of the two spouses in a couple. Table 1 gives the frequencies at each wave along with the recorded exits from our sample. Overall, the average attrition rate for each wave is roughly 10% which gives an annual attrition rate of about 5%. [ Table 1 about here] Table 2 shows the demographic composition of the sample in 1992 according to the number of waves the respondents remain in the panel. Wives are on average four years younger than their husband. Both spouses have a similar average level of education. Approximately 6% of respondents are Hispanic and about 8% are blacks. These figures reflect the oversampling of those groups in the HRS. About 8% of husbands are immigrants, compared to 10% of the wives. One out of four respondent has been married at least once before their current relationship.
Those who exit before the end of the panel are on average older, which is an obvious consequence of decreasing survival probabilities. Attritors have slightly less education than respondents who remain in the panel for all six waves. Blacks and Hispanics seem more likely to exit than others.
[ Table 2 about here]
Wealth Data
We summarize wealth in two broad categories: liquid and non-liquid wealth. Liquid wealth consists of individual retirement accounts, stocks, bonds, certificate deposits, Tbills/saving bonds, checking/saving accounts and other debts and savings. Non-liquid wealth includes the net value of the primary residence, other real estate, and vehicles. This definition is the same as the one used by Adams et al. (2003) , except that we do not include business assets, which is nonzero for not many respondents but varies enormously over time for some respondents. It does not include the value of defined contribution pension plans but does include the value of life insurances and other annuities (in "other savings"). All amounts are expressed in US dollars of 2002 using the Consumer Price Index of the Bureau of Labor Statistics. In the analysis, we will use log transformations of the different wealth measures to reduce the effect of outliers. In 1992, respondents held more than two thirds of their wealth in non-liquid assets, primarily consisting of the value of the primary residence. The share of non-liquid assets in total wealth falls over the decade.
Participation of the elderly in stocks and individual retirement accounts is far more important in the United States than in many other countries (Hurd, 2001 ). More than half of the respondents in the panel own Individual Retirement Accounts (IRAs), with a median value of $31,570 in 1992. Moreover, by 2002, 37.4% of households hold stocks for a median value of $50,000. Increases in IRA and stock holdings from 1992 to 2002 certainly reflect to some extent the high returns observed throughout the period. Participation went from 32.1% to 37.4% for stocks and from 45.1% to 47.2% for IRAs from 1992 to 2002. The median value of stocks and IRAs more than doubled over the 10 years.
[ Table 3 about here] Table 4 summarizes the health information for the 1992 and 2002 waves. The HRS age groups are subject to considerable health risks. In 1992, 16.7% (23.8%) of wives (husbands) have suffered from a condition that Smith (2003) labels a severe one: cancer, heart condition, lung disease or a stroke (or a combination of these). More than half the respondents have ever had an onset of a mild condition -diabetes, high blood pressure, arthritis, or mental problems (depression). This makes clear that these elderly respondents have a whole health history behind them, suggesting that much of the current association between health and wealth in the time period that the respondents are observed may stem from their past.
Health Variables
[ Table 4 We will work with a one-dimensional health indicator. Following Adda (2003), we build a "constructed health index" (CHI) from the indicators displayed in Table 4 , using principal component analysis. This measure combines the many dimensions and indices of health outlined in Table 4 . The index is normalized such that it has mean 0 and variance 1. Low values of the index refer to good health while high values refer to bad health. Most factors score highly, with self-reported health and health onsets scoring the highest.
[ Table 5 about here]
In Table 5 we present the bivariate distribution of the husband's CHI and the wife's CHI in 1992. The table shows that health of husband and wife are correlated. For example, 36% of wives of husbands in the best health quartile are also in the best health quartile themselves. On the other hand, only 13% of wives of respondents in the worst health quartile are in the best health quartile. A chi-square test confirms that CHIs of both spouses are not independent (p-value ¡ 0.001). This can be due to causal mechanisms (e.g. stress due to a health problem of the spouse), assortative matching, or common factors affecting both spouses' health in the same way (e.g. environment, socio-economic position, risk behaviors). Table 6 reveals the health-wealth gradient in the 1992 and 2002 waves, in a similar way as Table 1 of Smith (1999) . It presents median household wealth by 1992 health quartile (using the CHI to measure health). In 1992, median household wealth of husbands in the best health quartile was more than twice as high as median household wealth of husbands in the worst health quartile. For the same households, the wealth difference was even larger in 2002. Median household wealth for wives in the worst health quartile in 1992 was only 40% of median household wealth for wives in the best health quartile. For the same households, the wealth differential increased even further in 2002. These differences are of similar magnitude as those found in Hurd and Kapteyn (2003) and Smith (1999) using similar data source but distinguishing health categories using self-reported general health, which has a high weight in the CHI-s. These remarkable differences do not only appear at the extremes of the distribution. Even among the households with relatively healthy wives in the second quartile in 1992, median wealth is 20 to 25% lower than in the top health quartile. Thus the association between health and wealth is not a simple dichotomy between "the rich and the poor" but rather a gradient that is observed everywhere in the SES ladder.
Association between Wealth and Health
[ Table 6 about here] 3 Econometric Methodology
The Evolution of Health and Wealth
We develop a model for three outcome variables for a given couple i = m(husband) and f (wife) in year t:
it is health of spouse j and y it is the log transformed value of household wealth. As explained in section 1, a model explaining the evolution of wealth and health should have several features. First, it must allow for instantaneous causality as well as dynamic feedback from wealth to health and vice versa. This captures the most cited pathways, causal effects of wealth on health (wealth causation) and of health on wealth (health causation). Second, it should address whether or not health influences the health of the spouse, potentially trough mental health or other channels, as possible explanations for the association between CHI-s of both spouses, apparent from Table 5 . Moreover, the model should take into account potentially correlated unobserved heterogeneity in health and wealth, leading to a permanent correlation of wealth and health from the beginning of the observation window. We will use a panel data vector autoregressive model for Y it that captures the features discussed above and allows for the various explanations of the gradient. The model is given by a P th order vector autoregressive process:
The matrices Γ, A and Φ contain the parameters of the model. x it is a vector of time invariant and time varying characteristics of the household (education, race, age, etc.). These characteristics can be correlated with a vector of time-invariant unobserved heterogeneity terms η i , which, for example, capture unobserved traits at birth such as genes of members of the household, early childhood events (cf. Barker, 1997 ; Wadsworth and Kuh, 1997) or other intergenerational factors that affect health and wealth. We will allow that within each couple the three unobserved heterogeneity terms are correlated. The transitory shocks in ε it are also potentially correlated.
The matrix Φ contains the parameters that reflect causal links that take some time to become effective. The parameters on the effect of lagged wealth on health can be seen as transmission channels for wealth causation while the parameters on the effect of lagged health on wealth are indications of health causation (Adda, 2003) .
Through the parameters in the matrix Γ, we also allow for instantaneous causality. This is particularly relevant in our case since observations are spaced by two years, and it seems unlikely that all causal links will take two years or more to become effective.
We also allow for instantaneous effects of the health of one spouse on the other spouse's health. Such effects may point at direct mental or physical health links, but since our health variables also incorporate self-reported health and subjective life expectancy, they may also mean that respondents adjust their subjective beliefs following a deterioration in the health of their spouse.
Each component of Y it has its own dynamics propagating the effect of shocks and potentially increasing their long-term impact. In order to estimate the dynamic interactions between health and wealth consistently, it is crucial to incorporate a dynamic structure that is flexible enough to describe the data. In particular, the order P of autoregression has to be chosen large enough. Specification tests as in Arellano and Bond (1991) will be used for this purpose.
Since the individual effects are allowed to be correlated with the regressors in x it , it will not be possible to estimate the influence of time-invariant regressors. For the same reason, it is not possible to disentangle the effects of age and a common time trend. For similar reasons, we will also not include variables on risk behavior (smoking, drinking). Persistent risk behavior over the life cycle can have a causal effect on health and also correlates negatively with socio-economic status. This, however, is captured by the individual effects. On the other hand, the variation of risk behavior over time in the elderly age group that we consider is likely to be endogenous: people stop smoking or drinking due to health problems. Indeed, in the data, very few elderly individuals start smoking (about 1%), while more than 17% stop smoking. Incorporating risk behavior would require instrumenting it and this is beyond the goal of the paper. Instead, it should be kept in mind that some of the mechanisms that we find may be due to behavioral changes.
Estimation, Identification, and Causality Tests
In this panel data setting, it is possible to test for causality taking account of the presence of unobserved heterogeneity in η i , avoiding the problem that the null of no causality between health and wealth can be rejected due to "spurious correlation." We first consider the reduced form model in which instantaneous causality is eliminated, explain how to estimate this model with GMM, and how to test for causality using a Wald test. We then turn to the structural model with instantaneous causality and instruments needed for identification, and discuss estimation and testing for causality in that model also.
Tests for Reduced-Form Vector Autoregressions
Consider the reduced-form VAR of (1),
where
ε it . For a test for wealth causation in the sense of Granger (1969) causality, the null hypothesis of no causality can be written as
In model 2, this takes the form
where C p,my is the m, y element of the matrix C p , the effect of p-periods lagged log wealth on the husband's health, etc.
The null hypothesis of no health causation is given by
Chamberlain (1984) defines (3) and (5) as tests for "Granger causality conditional on unobservables." Adams et al. (2003) perform their tests for non-causality without conditioning on η * i , i.e., they test the null hypothesis
As Adams et al. (2003) emphasize, rejecting this null hypothesis only leads to the conclusion that y "Granger causes" h under the maintained hypothesis that there is no unobserved heterogeneity. The reduced form model can be estimated using GMM, based upon moments in first differences:
using the reduced form VAR in (2). First-differencing gets rid of the unobserved heterogeneity terms, but also introduces (negative) correlation between
will not be a valid instrument in the equation in first differences. This is why the history up to t − 2, Y t−2 i , is used as instruments (following, for example, Arellano and Bond, 1991) . This implies that estimation (and testing for health-wealth or wealth-health effects) in this framework requires at least three observations per household.
If the health and wealth variables are close to non-stationary, then the instruments in (8) may be weak since past levels will not be correlated with current changes (see, e.g., Arellano, 2003) . This may well be the case for health since, for example, "onsets ever had" enter the constructed health index. Blundell and Bond (1998) suggest using an assumption of mean stationarity on errors and individual effects to add more moments and improve the efficiency of the estimator. Mean stationarity of (2) implies moments of the form
which can be re-expressed as
Sufficient for this assumption is that E(ε * it η * i ) does not depend on t (or is zero) and that there is no serial correlation in ε * it . The latter assumption was made already in (8) and is justified if all correlation over time is picked up by the AR(P ) structure (the matrix Φ) and the unobserved heterogeneity terms. The former implies that heterogeneity can be related to health or wealth shocks, but only in a way that does not vary over time.
As discussed in Arellano (2003) , the assumption (9) given above leads to moment conditions that are non-linear in the parameters. Under the additional assumption
(9) can be replaced by:
Using (2), this leads to the following moments that are linear in the reduced form parameters B and C 1 , ..., C P :
The additional assumption (11) seems innocuous in our case, since ∆x it only contains time dummies (with age differences linear in time and other exogenous variables invariant over time). 8 We refer to (13) in addition to (8) as the reduced form VAR. As Blundell and Bond (1998) emphasize, imposing these mean stationarity restrictions or not is a trade-off between robustness and efficiency. Hence, it is important to test the additional restrictions. We will do this using the increment in the Sargan test statistic (cf. Arellano and Bond, 1991).
Tests for Structural Vector Autoregressions
In the structural form (1), the hypothesis of non-causality implies restrictions on both the instantaneous effects in Γ and the lagged effects in Φ similar to the restrictions in (4) . To be precise, non-causality of wealth to husband's health and wife's health implies:
and
Note that these restrictions are stronger than those for the reduced form, since the reduced from parameters are linear combinations of the structural form parameters that are restricted to zero under the null. Thus the causality test on the reduced form will not have power for some violations of non-causality in the structural form.
Without imposing additional identifying assumptions, we can estimate the reduced form parameters in (2) but not the structural parameters in Γ and Φ. Exclusion restrictions (i.e., instruments) are needed in order to identify the instantaneous causal mechanisms.
Our strategy for finding instruments for health and wealth is to look for shocks that do not have direct effects on the other outcome. This same strategy has also been used recently by Smith (2003) , Wu (2003) , and Meer et al. (2003) . As instruments for health changes, we use onsets of critical health conditions. It was already documented in tables 3 and 4 that such onsets are abundant for this cohort. It seems plausible that these onsets have no direct effect of wealth (other than through the health change they induce). To instrument changes in wealth, we use inheritances. Many of the households in the sample receive inheritances from the death of a parent or sibling (approximately 5% each wave; the median inheritance is 29,000$ and the mean is 64,100$). While the death of a family member might be correlated to the level of health due to genetic background or early childhood events etc., it seems reasonable to assume that it is not directly related to current health changes, making it an appropriate instrument for wealth changes.
To identify the parameters of Γ, we therefore use the following moments
Here
are indicators of onsets of health conditions for both spouses. We use separate dummies for severe and mild onsets. z y it is a vector with two elements: whether or not the couple received an inheritance in the last two years, and the size of that inheritance in dollars.
To identify the instantaneous effect of health of one spouse on health of the other spouse, we also use the onsets of health conditions. We thus make the plausible assumption that such an onset has no direct effect on the other spouse other than through the constructed health index. We will test the overidentifying restrictions it implies. The additional moments are given by:
To identify the structural VAR as defined in (1) we therefore use moments of the form E(∆ε * it ⊗ Y t−2 i ) = 0 along with (16), (17) and stationarity restrictions (13) . We denote this model the structural VAR. Similarly to the reduced-form VAR, we can use the incremental Sargan test to test the stationarity restrictions. Tests for "lagged" causality essentially remain the same as (3) and (5) except that they involve the matrices Φ p instead of C p . Tests for contemporaneous causation that rely on orthogonality restrictions (16) and (17) involve testing whether elements of Γ are zero.
Both reduced form VARs and structural VARs are estimated by GMM using moments in levels and differences (Blundell and Bond, 1998 ). Since the cross-sectional dimension is quite large (compared to, e.g., Arellano and Bond, 1991), we use two-step GMM estimates constructing the optimal weighting matrix from first-step estimates.
Adams et al. (2003) Tests
We first follow the approach of Adams et al. (2003) to test for non-causality of wealth on health and health on wealth of couples in the HRS cohort without controlling for unobserved heterogeneity and using only first order lags. Comparing this with the results of causality tests conditioning on unobserved heterogeneity will show whether controlling for unobserved heterogeneity is important.
Wealth to Health
To test the null hypothesis that wealth does not cause health, Tables 7 and 8 present the results of models that explain each indicator of health of husband and wife from lagged husband's and wife's health, lagged log wealth, and additional controls (demographics and past risk behavior, as in Adams et al., 2003 ). 9 We model such variables as ADLs, CESD scores and Self-reported Health as ordered responses, onsets as binary outcomes, and constructed health indices and self-reported probabilities of dying before age 75 as continuous outcomes. As in Adams et al. (2003) , normality of the errors is assumed for the binary and ordered response models and the invariance property (the causal effect is constant over time) is imposed.
The non-causality test is a t-test on the coefficient of lagged log wealth. For husbands, the null is rejected in seven out of eight cases. In six of these, the coefficient is significantly negative, implying that higher wealth leads to fewer health problems, as expected. The significantly positive effect of wealth on the probability of dying before reaching age 75 seems counter-intuitive. The effect of wealth on the probability of a severe onset is negative but not significant.
The results for the wife's health are presented in Table 8 . The effect of lagged wealth is always negative and significant in four out of eight cases. Focusing on the constructed health index as a summary measure of all health variables, we find evidence of wealth causation for both husbands and wives, in line with the results of Adams et al. (2003) for the older cohorts. Although statistically significant, the magnitude of the effects is quite small. For example, having twice as much lagged wealth would reduce the probability of a severe onset for wives by about 0.4 percentage-points, keeping other variables constant. Tables 7 and 8 can also be used to test for non-causality of the wife's health on the husband's health and vice versa (controlling for household wealth etc.). This is a t-test on the coefficient of the spouse's health. In four out of eight cases, we find a positive and significant effect of the wife's health on the husband's health. In the other four cases, the effect is insignificant. The effect of the husband's health on the wife's health is significantly positive in five out of eight cases. Focusing on the constructed health index, we find evidence of causality in both directions.
[Insert Tables 6 and 7 about here] Table 9 presents the regressions underlying tests for non-causality of health to wealth. Both log wealth and the hyperbolic transformation of wealth proposed by Adams et al. (2003) are used. The column "levels" presents the OLS results. To account for outliers in the log wealth distribution, we also present some robust regression results. Although this leads to somewhat lower t-values, the main conclusion remains the same: health problems of both husband and wife lead to a significant reduction in household wealth, so that non-causality from health to wealth is clearly rejected, in line with the results of Adams et al. (2003) .
Health to Wealth
[ Insert Table 9 about here]
Attrition and Invariance
We know from tables 2 and 4 that those who die or for other reasons leave the panel before 2002 have poorer health outcomes and on average lower schooling (specially husbands) -an indicator of lower socioeconomic status. This suggests that attrition may also affect the relation between health and wealth outcomes and the outcomes of the causality tests.
Comparing estimates of the equations explaining the health index for the unbalanced sample and for the balanced sample consisting of those who remain alive and in the panel until 2000 enables to test for non-random attrition (cf. Nijman and Verbeek, 1996) . Since under the null of ignorable attrition the estimates from the unbalanced sample are efficient and those from the balanced panel are consistent, while both would be inconsistent under the alternative, a generalized Hausman test can be performed. Since we are particularly interested in the causal effect of wealth in this equation, we performed the Hausman test on the lagged wealth coefficient only. We find that the two estimates for males are similar (-0.003 (balanced) vs -0.005 (unbalanced)) and marginally reject the null (Chi-sq. These tests thus all suggest that attrition is mostly ignorable for the parameters of interest -the causal effects from wealth to health. In what follows, we will report estimates from the unbalanced samples. The results using the balanced samples are always qualitatively similar. Adams et al. (2003) pay a lot of attention to testing whether causal effects are invariant over time, although Poterba (2003) casts some doubt on the importance of this issue. We tested whether the relationship between health and wealth was stable over time. For husbands, the coefficients on lagged wealth (in a test for non-causality to the CHI) varies from -0.0124 to 0.0014 in 2002. Some evidence is provided that the effects are not the same (Chi-square(4) = 12.83, p-value = 0.012) while the equality is not rejected for wives (Chi-square(4) = 4.18, p-value = 0.382). In fact, the parameters on lagged wealth for husbands appear to be decreasing over time, which could be a combined effect of attrition and invariance if differential mortality considerably reduces the variance of health and wealth outcomes (see Attanasio and Hoynes (2000) for evidence on differential mortality).
Causality Tests in Dynamic Panel Data models
To estimate the reduced form and structural VARs we use the generalized method of moments with robust two-step estimates (see for example Arellano and Bond, 1991) . In order to incorporate mean stationarity restrictions, we use the combination of level and difference moments of Blundell and Bond (1998) discussed in Section 3.2. These additional moments in levels were not rejected by incremental Sargan tests. We include time dummies to pick-up unobserved trends in the components determining the gradient and, where necessary as indicated by specification tests rejecting invariance, interactions with time dummies to account for changing relationships over time. Efficiency gains can be realized by estimating all equations of the VAR system together if the optimal weighting matrix is not diagonal (Alonso-Borrego and Arellano, 1999). However, the finite-sample properties of the estimator may deteriorate. We therefore estimate them separately. We experimented with several lag structures and found that models with two lags were needed to pass the usual specification tests (the Sargan test on overidentifying restrictions and the test on second order autocorrelation in the differenced residual; see Arellano and Bond, 1991) . The results for the selected models are presented in Tables 10,  11 and 12. In each case, we present a reduced form equation without instantaneous effects of wealth on health or vice versa, and a structural form equation in which the instruments in section 3.2 are used to identify instantaneous effects of endogenous variables. Table 10 presents the results for equations explaining log household wealth. For these selected models, overidentifying restrictions are marginally rejected at the 5% level but not at the 4% level. There is no evidence of second order serial correlation in the differenced errors (supporting that the errors in levels are uncorrelated over time).
Health to Wealth
The reduced form estimates imply a significant negative effect of both lagged husband's health and lagged wife's health on log wealth. Joint tests indicate that lagged values of husband's health significantly affect log wealth, rejecting the hypothesis that husband's health causes does not cause wealth. This is the same conclusion as from the Adams et al. (2003) tests in the previous section, but now unobserved heterogeneity is controlled for and the lag structure is richer, chosen on the basis of specification tests. The wife's health also affects log wealth but this effect is significant only at the 3% level.
The structural estimates confirm the evidence of health causation. There is no evidence for an immediate effect of husband's health, and the effects of the lagged husband health variables are similar to those in the reduced form equation. The joint significance remains, confirming the conclusion that husband's health causes wealth. Current and lagged variables on the wife's health are jointly significant at any reasonable significance level. The immediate negative effect dominates, and the conclusion that health problems of the wife cause negative wealth changes is stronger than in the reduced form. Thus, overall, we can conclude that the results of the Adams et al. tests on health wealth causation were not just a consequence of unobserved heterogeneity -strong evidence remains in a model that controls for this. Moreover, the results of the structural model suggest differences in the time lags with which husband's and wife's health changes affect household wealth, with an instantaneous effect for the wife's health and a lagged effect for husbands. This may also explain the difference with Wu (2003), who uses only two waves of the HRS and finds that the wealth of households tends to respond more to health events of the wife than to health events of the husband. A longer time span is needed to find the effect of the husband's health.
[Insert Table 10 about here]
Wealth to Health
The results for the equation explaining the husband's health are presented in Table  11 . Adding the second order lags and the interaction of lagged health with time was necessary to obtain a model that passes the Sargan test on overidentifying restrictions and the test autocorrelation in the errors. The results provide no evidence whatsoever on wealth health causation for husbands. Both in the reduced form and in the structural equation, the wealth variables are jointly (and individually) insignificant. This result differs from what we found with the Adams et al. (2003) tests in the previous section. The plausible explanation is that rejecting non-causality there was due to the presence of permanent unobserved heterogeneity affecting health and household wealth. These terms are controlled for in Table 11 .
Another difference with Table 7 is that we now find no evidence of a causal effect of the wife's health on the husband's health. In both the reduced form and the structural form equation, the wife's health variables are insignificant. Unobserved factors that affect husband's and wife's health in the same way are the most plausible explanation for the difference in findings. Table 12 presents the results for the equations explaining the wife's health. The results are essentially the same as for the husband's health. Other than in the previous section, the models controlling for fixed effects do not provide any evidence of causal effects from wealth on the wife's health or from the husband's health on the wife's health.
Some Disaggregated Results
We have found clear evidence of causal effects of both the husband's and the wife's health on household wealth, using the constructed health index which incorporates all features of health. Table 13 shows the results of a similar dynamic panel data model using separate indicators for physical and mental health. The physical health index combines onsets of physical disorders (all onsets except depression) and ADL-s, the mental health index combines the CESD score with the onset of depression. Self-reported general and work-related health and the self-reported probability of dying before age 75 are not included since they capture both mental and physical health features.
The results in Table 13 show evidence of causal household wealth effects of physical health for the husband and mental health for the wife. Mental health is not significant for the husband and physical health is insignificant for wives. A mental health problem of the wife has an instantaneous effect on household wealth, while the effect of the husband's physical health is not instantaneous, in line with what we found earlier.
Further disaggregation is possible by partitioning wealth into liquid and non-liquid wealth, as in Table 3 . This shows that for non-liquid wealth, both physical and mental health of both husband and wife are significant, albeit the significance probabilities for the wife are close to 5%. Only mental health of the wife has a significant instantaneous effect, the other causal mechanisms work with lags of two years. For liquid wealth, causal effects are found for mental health of both spouses but not for physical health. Again, the effect of mental health of the wife is instantaneous, that of the husband is not. Detailed results are available upon request.
One explanation for the strong effects of mental health might be the lack of insurance coverage for mental health problems. Indeed these are covered in a limited way by Medicare and Medicaid and therefore employer-provided insurance coverage or other insurance coverage is necessary to protect against those onsets (Adams et al., 2003) . Disaggregating by health insurance coverage status does lead to a clear picture. Indeed those wives who do not have employer-provided health insurance tend to be those for which a health shock has a large immediate effect on wealth. Furthermore, the stronger effect of the wife's mental health status than of the husband's is in line with Wu's (2003) argument that household expenditures increase if the wife is no longer able to perform household tasks such as cooking and cleaning. The stronger effect of the husband's physical health might relate to his role as breadwinner. A model that simultaneously considers labor force participation and earnings would be needed to investigate this further.
Conclusion
In this paper, we compare two ways of testing for causal pathways between health and socioeconomic status using panel data on an elderly US cohort. One follows the methodology of Adams et al. (2003) based upon Granger causality. The second is an extension of this using a dynamic panel data framework. The main difference is that this allows us to control for unobserved heterogeneity, avoiding the problem that rejecting non-causality might be due to ignoring unobserved heterogeneity terms. We use biennial five waves of elderly couples in the HRS, following the 1931-1941 birth cohort over the time period 1992-2000.
While the Adams et al. (2003) suggest causal effects in both directions, from health to wealth and from wealth to health, our dynamic panel data model based tests also provide clear evidence of causal effects from health to wealth, but hardly any evidence of causal effects from wealth to either the husband's or the wife's health. An analysis of the residuals suggests that this difference is not due to unobserved heterogeneity in health, but to unobserved heterogeneity in wealth or the richer dynamic specification of the dynamic panel data model. Disaggregating health into mental and physical health suggests that both have causal effects on wealth, but while the mental health effects are instantaneous, the physical health effects take more time and are visible only in the next wave (two years later). Interestingly insurance coverage appears to play a role as suggested by the evidence that uninsured wives who experience onsets of mental conditions tend to spend down household assets more importantly.
We would like to stress that the absence of an active causal link does not mean that it has not operated in the past. Here, we only consider households with at least one spouse in their fifties. It would be interesting to apply the same approach to younger households. It would also be interesting to look at different countries, and see whether the institutional setting makes a difference.
The finding that health -wealth causation (health selection, in the social science literature) is the main driving force for the development of the gradient in this age group confirms evidence of Smith (1999 Smith ( ,2003 , Adda (2003) , Hurd and Kapteyn (2003) and Wu (2003) . Particularly for husbands, the long-run effect of a health shock is considerable. This raises an interesting welfare and policy question: Is this drop in wealth planned or is it the consequence of inadequate health insurance? Smith (2003) finds that out-of-pocket medical expenditures can be considerable in the HRS cohort. Therefore, even for individuals with health insurance, there remains considerable risk to insure.
Further research could also incorporate the role of labor force participation and earnings. Other than the AHEAD cohort studied by Adams et al. (2003) , the HRS cohort that we consider is typically at work in the first wave that we observe them and has retired before the last wave. One of the potential channels of health-wealth causality is through labor supply and earnings, making it worthwhile to extend the model with labor supply (and the decision to retire) and earnings.
[ 
0.58 Table 13 : Wealth responses to Mental and Physical Healh: Twostep point estimates and t-values are reported. All estimation is done by system GMM making use of moments in levels. The mental health index is composed of CESD scores and onsets of psychic or mental health condition while the physical health index includes onsets of severe and mild conditions as well as ADLs .
Appendix 1: Variable names for supplementary results (not intended for publication)
Any variable starts with either r or s if it is spouse specific. In that case, r refers to husband and s to wife. Other variables not starting with these letters is for the household. In the following list of variables, the first letter is suppressed. A variable to which a l is added in front (lrhe for example) refers to the first lag of the variable. The health index are constructed by principle component analysis using 6 covariates: self-reported health, prevalence of severe and mild health conditions, CESD scores, number of ADLs and the self-reported hazard of not living up to 75 (taken as 1 minus the true response to the self-reported probability of living up to 75). This is performed for each spouse across all waves. From the analysis, one factor is retained and therefore the rotation does not yield any improvement. The factors who score highest appear to be in accordance with common belief. Self-reported health and health conditions score highest. We did experiment with alternative health index with small changes in the results of the analysis. The index is not scaled and varies between -3 and 5. We did experiment with taking a log of that index but this did not alter results of the analysis.
Husband Health Index
(principal component factors; 1 factor retained) The cut parameters refer to cutoff points in ordered probit models while cons refers to the constant term. Parameter estimates reported with t-values below estimates. Severe and mild refer to the incidence of a new health onset between wave as opposed to prevalence of an onset.
Non-Causality Husband: Log Trans. 
Non-Causality for Husband Health: Log Transformation We reported results from the log (Table 7) transformation of wealth. The log transformation of y is taken as log y = I(y ≥ 0) log(1 + y) − I(y < 0) log(1 − y) so that zeros are given a value of log y equal to zero. There are no observations with wealth lower than one dollar so that this transformation is a monotone transformation. For negative wealth values, we apply a symmetric counterpart.
For robustness checks, we also apply the transformation used by Adams et al. (2003) . The hyperbolc transformation is given by z = 1 1+exp(−cy+d) where c and d are chosen such that z has median and interquartile range of 0.5 in 1992. This corresponds to choosing c to be the reciprocal of the interquartile range and d being the ratio of the median to the interquartile range for the distribution of wealth in 1992. This gives a distribution bounded between 0 and 1 which has a mode around 0.5 but also near 1 where the observations from the right tail of the wealth distribution will be clustered. The following tables report the non-causality tests from wealth to health for this transformation where lzat is the log of the hyperbolic transformation of total wealth. 
Non-Causality Tests Husbands: Hyperbolic Transformation 
Non-Causality Tests Wives: Hyperbolic Transformation Variable |  cesd  adls  haz75 hlthlm -------------+----------------------------------------------------lzat | -. We replicate the non-causality test for each wave separately. Therefore we do not restrict any parameter to remain stable across waves. Point estimates along with their t-values reported. We get the joint distribution of parameters across all waves by estimating all parameters using semingly unrelated regressions. The wald test reported is for the equality of the lagged log wealth parameter.
Non-Causality Tests Wives: Hyperbolic Transformation ------------------------------------------------------------------
Invariance of Non-Causality from wealth to health for husbands (health index, logs used for wealth) ----------------------------------------------------------------------------- ------------+---------------------------------------------------------------- 
-------------------------------------------------------------------------------
legend: b/t Wald Test: all lagged wealth parameters equal chi2( 4) = 12.83 Prob > chi2 = 0.0122
Invariance of Non-Causality from wealth to health for wives (health index, logs used for wealth) 
Variable | Wave 2 Wave 3 Wave 4 Wave 5 Wave 6
-------------+----------------------------------------------------------------
-------------------------------------------------------------------------------legend: b/t
Wald Test: all lagged wealth parameters are equal chi2( 4) = 4.18 Prob > chi2 = 0.3819
We test for an attrition bias by noting as Nijman and Verbeek (1996) did that if there is no attrition bias, both unbalanced and balanced sample estimates wille be consistent while the unbalanced panel estimates should be more efficient. Otherwise, under the alternative both estimators with not be consistent. We report different models for unrestricted VARs of health causation and wealth causation. No qualitative information for model selection was derived from structural models. We based model selection on three criterias, parsimony, the Sargan test for overidentifying restrictions and the ar2 test for errors in differences. We also report the Incremental Sargan test which evaluates the adequacy of the mean stationarity restrictions.
Unrestricted VARs: Health Causation -------------------------------------------------------------------
Variable | GMM/sys AR1 GMM/sys AR2 GMM/sys AR2+t  -------------------------+--------------------------------------- -------------+---------------------------------------------------- 
-------------------------+----------------------------------------
-------------+----------------------------------------------------
------------------------------------------------------------------legend: b/t Unrestricted VARs: Wife Wealth Causation -------------------------------------------------------------------Variable |GMM/sys AR2 GMM/sys AR2+t GMM/sys AR3 GMM/sys AR3+t -------------+----------------------------------------------------
------------------------------------------------------------------
legend: b/t
